The large amount of literature in the post-
Background
Biological systems are complex and involve various interactions and pathways among genes and gene products. To understand the involvement of underlying mechanism(s), exploring and defining complex relationships among genes in a genome is essential. Many types of relationships exist such as physical interactions between two proteins and regulatory interactions between multiple genes. Such gene-to-gene relationships can be found in the biomedical literature. The bibliographic database MEDLINE that can be queried through PubMed [1] contains over 20 million references of journal articles in the life sciences. Over 2,000-4,000 new entries are added daily. Each indexed article in MED-LINE is summarized in the form of manually curated Medical Subject Headings (MeSH) terms [2] . MeSH is a controlled vocabulary of medical and scientific terms for indexing articles in the PubMed literature database. The 2013 MeSH contains 26, 853 MeSH descriptors organized in a hierarchal fashion based on 16 top-level categories. Over 213,000 MeSH entry terms also exist to assist in finding the most appropriate MeSH Headings [3] . All the MeSH terms are assigned to individual PubMed articles manually by knowledgeable biomedical scientists. The terminology used in MeSH provides a unique and consistent approach to retrieve information that uses different terminologies to describe similar biological and/or medical concepts.
Several approaches have been used to explore the gene-to-gene relationships and pathways reported in the literature. A common and direct strategy is to check gene co-occurrence [4, 5] . Two genes may be related if they are listed in the same publication, particularly if listed in the same title, abstract, or sentence. For example, the PubGene system extracts gene relationships based on co-occurrence of gene symbols in MEDLINE titles and abstracts [5] . The PubGene co-occurrence networks display possible relationships between terms and facilitate medical literature retrieval for relevant articles implied by the network display. However, one limitation of this method is its inability to reveal direct unknown relationships among genes. Another strategy for identifying related gene pairs from the literature is to infer gene relatedness based on a common linkage to keywords. Classifications and relatedness from the co-occurrence matrix of gene names by key terms (e.g. MeSH or Gene Ontology terms) can be used to identify related gene pairs that have not been described in the title(s) or abstract(s) of any publication. This approach may be used to study co-citation and non co-citation relationships. For instance, Masys et al [6] developed a HAPI system to compare sets of genes associated with medical conditions based on the (gene names × MeSH terms) matrix. Similar methods include ARROWSMITH [7] , MeSHmap [8] , PubMatrix [9] , and vector space modeling [10, 11] . The ability to predict indirect associations among biological entities is a key feature in the linking of gene names to key terms [12, 13] . However, the MeSH-based indirect approaches to infer gene-gene interactions have not been used previously for a genome-wide literature analysis. Furthermore, different methods have not been well compared. A genome-wide literature mining of gene-to-gene interactions allows ranking of the best gene interactions and investigation of comprehensive biological networks at a genome level. Advantages of a genome-wide approach in gene network analysis have been proven by numerous high throughput microarray experiments and data modeling [14] .
Recently, a genome-level literature mining method has been developed by Tsoi et al. [15] to characterize human genes by Gene Ontology (GO) terms [16] , i.e., the Ontology Fingerprint. The Ontology Fingerprint refers to a set of Gene Ontology (GO) terms that are overrepresented among the PubMed abstracts discussing a gene or biological concept together with the terms' enrichment p-value. The GO terms are employed to characterize gene functions. By comparing the Ontology Fingerprints of genes and phenotypes such as lipid levels, new relationships between genes and the phenotypes can be inferred [15] .
In this study, we report a literature mining program that uses the same concepts of identifying gene relations based on gene-associated signature terms as shown in the GO-based Ontology Fingerprint study. Instead of using GO terms, we used MeSH terms to characterize genes in this report. Compared to GO terms, MeSH terms contain more comprehensive descriptions of genes including their biological and clinical knowledge. While machine-based processing is required to obtain the GOliterature association, the MeSH-literature linkages have been generated by considerably more accurate manual expert assignments. Therefore, MeSH-based literature discovery of gene-gene interactions is considered robust. In addition, our approach can be used to predict relationships between genes, which facilitate the inferring of the underlying molecular mechanisms for complex diseases. We hypothesized that MeSH could be used to predict unknown gene relationships on a genome-wide scale. Based on this hypothesis, we developed GenoMesh, a genome-wide MeSH-based literature mining algorithm that uses all literature related to a specific genome to retrieve known gene-gene associations and to infer possible novel gene-gene interactions. A web-based Geno-Mesh was also developed.
Results

The GenoMesh algorithm and functional optimization
The GenoMesh algorithm contains five steps as described in Methods and presented in Figure 1 . Basically, using the titles, abstracts, and MeSH annotations of PubMed papers associated with one specific organism (e.g., E. coli), the GenoMesh algorithm calculates three matrices: gene-article matrix (Step 2 in Figure 1 ), gene-MeSH term matrix (Step 3), and gene-to-gene dissimilarity matrix (Step 4). The first gene-article matrix can be used for identifying the articles associating with any specific gene. Derived from the first matrix, the second gene-MeSH term matrix allows the association between MeSH terms and genes. Based on the second matrix, dissimilarity scores for any gene-gene association can be calculated. The dissimilarity scores determine how any two genes are dissociated. More details about how to implement the two organism examples (E. coli and Brucella) are described in the Methods section.
According to the gene-article matrix prepared in Step 2, a total of 1,810 E. coli genes were cited in at least three publications, and some 13,630 unique MeSH terms are associated with these genes. Important tasks in the GenoMesh development is the normalization of the data in the genome-wide gene-MeSH term matrix (Step 3) and optimization of the method to calculate dissimilarity scores for the construction of the genegene dissimilarity matrix (Step 4) ( Figure 1 ). Each cell in the gene-MeSH matrix represents the number of articles containing a specific MeSH term related to a particular gene. Since the MeSH terms are diverse, some terms can be interpreted broadly and hence are vague, whereas others are very specific and quite informative. Consequently, rarely used words are more specific. The most frequently used weighting of MeSH terms is the TF-IDF, where TF is the term frequency, and IDF represents the Inverse Document Frequency [17] . We have tested the conventional logarithm version IDF and a newly designed variant based on a square root calculation of the IDF calculation (IDF2). After a normalized gene-MeSH matrix is generated, direct gene-to-gene relationships can be studied by preparing a gene-to-gene dissimilarity matrix. This is achieved by calculating a MeSH-based dissimilarity between any two genes ( Figure 1 ). The dissimilarity scores between two vectors may be defined using different similarity or distance coefficient calculations [18] . The methods tested in our comparative analyses include the Jaccard index [19] , the cosine coefficient [19] , Dice's coefficient [19] , Horn coefficient [20] , and Euclidean and Manhattan distances [21] . To verify the GenoMesh algorithm and to determine which weighting scheme and similarity calculation method best fit our analysis of gene-to-gene relationships and networks, all transcription factors and their regulated genes of E. coli available in RegulonDB [22] were downloaded and used as the gold standard data for confirming the method. In total, 660 genes and 13,549 true relationships between these genes were used. The receiver operating characteristic (ROC) analysis was used to evaluate how well the true relationships could be predicted [23] . The overall quality of the prediction was measured by the area under the ROC curve (AUC). All 12 methods using combinations of two weighting methods and 6 dissimilarity calculation methods resulted in AUC values of 0.77-0.91. The cosine coefficient using square root weighting was proven to be the best method (AUC = 0.91) ( Figure 2 ). These conditions were then used in all subsequent GenoMesh studies. These results also show that GenoMesh is a sensitive and specific method for calculating gene relationships.
Weighted MeSH terms are signatures for inferring genegene relationships
GenoMesh annotates genes with adjusted (weighted) MeSH terms based on the associations between genes and MeSH terms as seen in the gene-MeSH matrixes. For example, E. coli gene hfq encodes for the conserved RNA-binding protein Hfq (also known as Host Factor 1). The Hfq RNA chaperone facilitates mRNA translational regulation in response to envelope stress, environmental stress and changes in metabolite concentrations [24] . E. coli DsrA is a small regulatory RNA that acts by RNA-RNA interactions to control translation and turnover of specific mRNAs [25] . DsrA folds into three hairpin structures. The second of these hairpin structures binds to Hfq [25] . There have been over 40 papers citing both E. coli Hfq and DsrA. E. coli protein CpxR is the congnate response regulator of the cpxRA two-component system that regulates biofilm formation, motility, chemotaxis, host cell invasion, and bacterial virulence [26] . The GenoMesh database contains 262 Hfq-associated articles with 500 MeSH terms, 75 DsrA-associated articles with 253 MeSH terms, and 81 CpxR-associated articles with 276 MeSH terms. Our analysis identified many shared MeSH terms associated with these three genes as illustrated in Table 1 . Different MeSH terms exhibit different frequencies for each gene. The weighted MeSH term scores can be used to rank the MeSH terms. Higherweighted MeSH terms reveal associated genes more effectively than the lower terms. It is noted that some MeSH terms (e.g., E. coli) might be too general to be very meaningful in gene function annotations. Our study does not assume these terms represent the exact functions of the genes. However, the sum of these MeSH terms is well considered as signatures for representing the knowledge about the gene. A GeneMesh program (http://genomesh. hegroup.org/genemesh) was developed as part of the GenoMesh web system to search all the genes associated with a particular MeSH term or all of the MeSH terms associated with a particular gene (e.g., E. coli hfq).
The gene-MeSH matrix provides a foundation for calculation of gene-gene association. For example, the dissimilarity score between hfq and dsrA is 0.0845, and the p-value is 0.0003 (Table 1) . These values indicate that hfq and dsrA are closely related. The GenePair search program (http://genomesh.hegroup.org/genepair) in GenoMesh allows looking for the gene-gene relationships for any gene pair such as E. coli hfq-dsrA pair.
The GenoMesh algorithm predicts implicit gene relationships
Gene pair associations detected in GenoMesh can be divided into two types: 1) genes present in the same manuscript (explicit) or 2) two genes not shown in any common papers (implicit). The explicit gene relationships are usually well-studied relationships. Implicit gene-to-gene interactions with significantly low dissimilarity scores and p-values are predicted relationships since these related gene pairs are not described in the title or abstract of any given publication. As shown in Table 1 , while the E. coli hfq-cpxR association has a p-value of 0.0215, the gene pair has not been published in even one shared paper, implying that these two genes are highly likely interacting.
To further demonstrate the utility of GenoMesh, all E. coli-related manuscripts were separated into two parts; articles published before 2004, and articles published afterwards. A GenoMesh analysis was performed using papers published before 2004. A number of implicit gene relationships were revealed in articles published after 2004. Selected top 5 gene pairs based on dissimilarity score ranking are listed in Table 2 . All gene pairs found are critical to the same function(s) or pathway(s) indicated by the MeSH terms. For example, of the top ten gene pairs, three are interactions of three genes (bacA, ybjG, and lpxT) that encode three of four known undecaprenyl pyrophosphate pyrophosphatases [27] . It should be noted that gene interactions uncovered by GenoMesh contain different types of relationships and may not arise from direct physical interactions. For example, D-serine deaminase DsdA and L-serine deaminase SdaA have different and complementary roles for serine accumulation and catabolism in the colonization of the murine urinary tract by E. coli [28] . This does not mean, however, that they have physical interactions in vivo.
The GenoMesh algorithm effectively clusters genes on a genome-wide scale
A genome-wide gene-gene dissimilarity matrix was used to cluster all E. coli genes. The clustering results obtained are freely available on the GenoMesh website [29] . This cluster contains numerous gene pairs including e.g., nfrA and nfrB. Interestingly, this approach revealed information about flagella biogenesis ( Figure 3 ). Under appropriate environmental conditions, E. coli synthesizes multiple flagella which facilitate motility and chemotaxis. In total 40 fla genes are involved in the biosynthesis of E. coli flagella. These occur at three loci denoted as flg, flh, or fli. These genes encode structural proteins, regulatory proteins, and proteins involved in assembly of flagella [30] . Two mot genes (motA and motB) are present in E. coli. They comprise the non-rotating components of the flagellar motor called the flagellar stator [31] . GenoMesh clusters 36 fla genes and the two motor genes ( Figure 3A and 4B). The four flagellar genes missing in Figure 3 include flgJ, fliB, fliC, and fliY, which appeared to be associated with other E. coli genes. Interestingly, six E. coli flagellar genes were clustered close to another branch containing five other genes (yjjQ, cynR, bglJ, leuO, lrhA) ( Figure 3B ). These two sets of genes appear to share similar MeSH signatures.
The Brucella gene cluster is also available for download on the GenoMesh website. Compared to the large number of genes in the E. coli cluster, a much smaller number of Brucella genes are shown in the Brucella cluster. However, a close examination indicates that the clustering results have identified many interesting gene clusters. For example, Figure 4 , a branch of the Brucella gene clustering hierarchy, includes several important virulence factors found in Brucella and suggests potential interactions among them. Brucella Type IV secretion, which is essential for Brucella pathogenesis, is encoded by the virB operon and includes 11 Brucella genes, virB1-11. Our analysis clusters 8 of these 11 genes. Interestingly, this cluster also includes fliF, an important flagellar gene [32] , and vjbR, a quorum sensing-related transcriptional regulator [33] . It was reported that VjbR directly regulates expression of both the virB operon and flagellar genes either during vegetative growth or during intracellular infection [33] . The bvrR and bvrS genes encode two components (BvrS and BvrR) of a Brucella two-component regulatory system [34] . Brucella hfq encodes the RNA binding protein Hfq, which is required for the optimal stationary phase production of the periplasmic Cu, Zn superoxide dismutase SodC [35] . The BvrS/BvrR two-component regulatory system controls the internalization and early events after ingestion, whereas the intracellular trafficking beyond these early components are controlled by the VirB type IV secretion system [36] . This example demonstrates that GenoMesh can reveal hidden facts, which may lead to new insight or generate novel hypotheses.
The GenoMesh algorithm predicts gene networks
We hypothesize that the dissimilarity values among gene pairs within any given pathway will be smaller than those from the same number of random gene pairs. The hypothesis was verified using a list of known E. coli pathways from the EcoCyc pathway website as the Gold Standard (Table 3 ). It is noted that these pathways encompass a number of different biological processes, including amino acid biosyntheses, respiration, the TCA cycle, glycolysis, fatty acid biosynthesis, and other metabolism pathways.
For each pathway, the average dissimilarity score among all of the genes involved was calculated. For equal comparison, the same number of genes was randomly selected from the E. coli genome, and the same analysis procedure applied. The whole process was repeated 100,000 times. The Z score and empirical p-values were calculated to determine the probability of getting the same average dissimilarity score. The results obtained confirm that the GenoMesh dissimilarity measurement reveals underlying relatedness among genes in biological networks and pathways (Table 3 ). This study also confirms that the Geno-Mesh algorithm can be applied to study various biological events and pathways.
It was also found that the distribution of the genegene dissimilarities from randomly selected groups of E. coli genes approximates the normal distribution with the peak in the range of 0.96-0.98 ( Figure 5 ). This normal distribution profile provides a rationale and confirmation of the useful application of the GenoMesh approach to analysis of biological networks.
The MeSH terms are laid out in a hierarchical tree structure. Different MeSH terms are associated with 0, 1, or many genes. Therefore, it is possible to lay out the MeSH hierarchical structure and display the genes and gene network associated with any specific MeSH term. Based on this strategy, we have developed a MeSHBrowse tool (http://genomesh.hegroup.org/meshbrowse/). For example, 23 E. coli genes have been found to be associated with the MeSH term "Neutrophil Activation" with a specific MeSH hierarchy ( Figure 6 ). These 23 genes form the nodes of a gene network which includes the gene-gene associations with known literature reports (grey-colored edges) and predicted implicit gene-gene associations (red-colored edges).
To allow flexible analysis of any group of genes, a selected gene list can also be entered into to the Gene-Net program (http://genomesh.hegroup.org/genenet/ index.php) in the GenoMesh web system to detect the gene interaction network among the genes selected (data not shown).
Prediction of gene relatedness by cross-species GenoMesh analysis
By comparing the GenoMesh processed results for the well-studied model organism E. coli and a much lessstudied bacterium Brucella [37] , it is possible to predict new gene-to-gene interactions for Brucella from wellstudied E. coli gene pairs. To illustrate this, we identified a list of 5 selective genes that exist in both E. coli and Brucella and compared their associated genes in each species (Table 4 ). For example, Brucella dnaK is closely related to 12 other Brucella genes such as clpP, dnaJ, groEL, and virB10. Some of these genes are also found in E. coli. In addition, E. coli dnaK is closely related to over 400 other genes. It is likely that Brucella dnaK also has close relationship with many genes that are homologous to those E. coli genes. Meanwhile, some findings from Brucella may also help E. coli research. For example, Brucella znuA is predicted to be closely related to purE gene (p-value < 0.05) but not closely related to E. coli purE (p-value >0.05). Such a gene-gene relation in E. coli may deserve further investigation.
Discussion
In the post-genomics era, a large number of peerreviewed articles were published at an ever increasing rate. More than 300,000 E. coli-related articles have been published and an additional 10,000 articles are being published each year. No single scientist or team is capable of reading all of these publications in any depth. High throughput literature mining is vital to grasp the critical information hypothesis-driven experimental design. The labor-intensive assignments of comprehensive MeSH terms in many (although not all) research areas to individual peer-reviewed papers by biomedical experts in the USA National Library of Medicine (NLM) allows the avoidance of computational annotation of PubMed papers. MeSH provides a foundation for the development of our GenoMesh text mining algorithm. MeSH contains a mixture of molecular, medical and 
Figure 6
Analysis of the term "Neutrophil Activation" from the GenoMesh MeSHBrowse website. After browsing the MeSH hierarchical tree from "Phenomena and Processes" "Immune System Phenomena" "Immune System Processes" "Neutrophil Activation", 23 E. coli genes were found to be associated with the MeSH term "Neutrophil Activation". The related genes and gene pairs were then provided next to the hierarchical tree. Furthermore, a network of these 23 E. coli genes was automatically generated (note: the network image will only be generated if the gene number is less than 100). The gray or red-colored edges represent respectively interactions or predicted interactions. The GenoMesh annotation of the gene pair ytjC and yjhR is provided when a user moves the mouse cursor over the red line (edge) linking these two genes. A click on this link would lead the page to a detailed analysis of the gene pair (not shown). other information that may not be appropriate to directly describe gene functions and gene relationships. However, irrelevant MeSH terms most likely will not appear in biomedical papers that study gene functions and gene relationships. At first glance, some terms (e.g., iron, sugar, RNA, and water) may not appear relevant or important. But, if such terms appear frequently in manuscripts describing certain genes, a possible close relationship between the gene and such terms may exist. The frequency and specificity of specific MeSH terms have also been considered in our term weighting/normalization strategy. Using MeSH terms as signatures, the genome-wide GenoMesh approach is able to predict gene relationships and pathways for various biological topics such as transcriptional factor regulations (Tables 1  and 3) , flagellar biogenesis (Figure 3) , neutrophil activation ( Figure 6 ), and various other metabolic and regulatory pathways ( Table 3) .
GenoMesh is the first genome-wide, MeSH-based web literature mining system that annotates systematically gene functions and analyzes gene-to-gene relationships and gene networks that uses all the published manuscripts citing a single organism. The well-studied E. coli and less-studied Brucella as two distinct model organisms to GenoMesh were selected to demonstrate its feasibility. The comparative study between E. coli and Brucella also allows the generation of new insights and novel hypotheses. GenoMesh is different from many existing gene or protein interaction programs such as STRING [38] and PubGene [5] in that GenoMesh focuses on microbial gene-gene interaction identification or predictions based on genome-wide MeSH term associations and it incorporates the results from a comprehensive analysis of different dissimilarity and similarity functions.
The MeSH-based GenoMesh text mining algorithm may have some limitations. Although MeSH is designed to have a hierarchical structure outlining the relationships between different MeSH headings, the hierarchical relationships are loose and often not formally and logically defined with ontological relationship terms. A biological ontology is a set of computer-and humaninterpretable terms and relations that logically represent entities in the biological world and how they relate to each other. MeSH is not considered as a formal biomedical ontology. Many ontology-based computational reasoning programs are not effectively applicable for use with the MeSH structure. MeSH, which admittedly is a very complex system, may be useful for analysis of certain biological topics but limited for study of other research topics. For example, a comparative study has shown that compared to the Vaccine Ontology (VO) [39, 40] , MeSH is not an ideal system to study vaccines and vaccine-related gene relationships and pathways [41] . It is possible to use VO and other biomedical ontologies to improve MeSH for better study of domain-specific gene interactions and pathways. However, the use of biomedical ontologies to replace MeSH may meet some challenges. For instance, a natural language processing (NLP)-based approach needs to be developed to assign ontology terms to individual articles. The NLP-based term assignment is very likely not as accurate as the manual annotation and MeSH term assignment to PubMed papers.
Currently the selected pair of MeSH term weighting and gene-to-gene dissimilarity is fully tested with only the E. coli set of documents. The reason of choosing E. coli is that it is a model bacterium and is associated with a large volume of publications. We have also conducted a preliminary evaluation on the pairing of MeSH term weighting and gene-to-gene dissimilarity with Brucella species. Brucella is not as well studied as E. coli. There is no good Brucella resource like E. coli Regu-lonDB that can be used to obtain gold standard data for testing our algorithm. As a result, the main criterion of our testing was based on the clustering results. The use of different selected pairs of MeSH term weighting and gene-to-gene dissimilarity resulted in different outcomes groEL, gyrA, gyrB, katA, omp2b, parC, recA, rRNA *Note: To be included as an associated gene with one of the five selective target genes, the gene needs to share at least one co-publication with the target gene, or the two gene pair has a p-value < 0.05 based on the GenoMesh dissimilarity calculation.
of clustering of Brucella genes. We found that the selected pair of MeSH term weighting and gene-to-gene dissimilarity worked for Brucella very well. We have demonstrated some Brucella gene clustering results in the manuscript. In our study, hypothetical and unknown gene categories were excluded from our GenoMesh literature mining. These categories are the most interesting for functional inference. The initial focus in the first Geno-Mesh paper was to demonstrate the validity of the method. The inclusion of these categories would need to tackle a few challenges such as how to represent these genes and retrieve the information from the literature and how to evaluate the results. We plan to study these issues and possibly include such functionality in our future program development.
While the current web-based GenoMesh system provides many tools including GeneMesh, GenePair, Gen-eCluster, and GeneNet, these tools are under their initial stage of development and can be improved in the future. For example, the GeneMesh search program can currently search only single genes and single MeSH terms. Selection of MeSH terms requires knowing the term in advance which is not user-friendly. We plan to improve the feature by adding a possibility for users to scroll through the terms based on the structure of MeSH hierarchy. The GenePair program currently requires explicit specification of two genes. It would be better if two gene lists could be submitted. The GeneCluster is currently static and would be more useful with dynamic generation and userfriendly search capabilities. The GeneNet program can be improved with automatic prioritization and ranked result visualization. The addition of these new features would make the GenoMesh web system more useful and efficient in guiding prediction-based research.
The general GenoMesh algorithm is applicable not only to study of other microbial organisms but to study eukaryotic systems (e.g., human and mouse) and is also applicable to study the interactions between host and pathogens. One future GenoMesh research will aim to include more microbial genomes, conduct gene ortholog analysis between different microbial genomes, and evaluate the likelihood and performance of using GenoMesh to study gene-gene relations in eukaryotic systems.
Conclusions
We have developed GenoMesh, a genome-wide, MeSHbased literature mining system that identifies direct gene-gene associations and predicts implicit interactive relationships and networks among genes within a specific genome, for example, E. coli and Brucella. The webbased GenoMesh server allows users to easily query and analyse the data generated from the GenoMesh pipeline processing. GenoMesh is a generalized literature mining program that may be applied to study gene interactions and networks in prokaryotic and eukaryotic organisms.
Methods
Data extraction and processing
Papers related to E. coli in PubMed were obtained by searching PubMed for "E. coli" OR "Escherichia coli". Papers related to Brucella in PubMed were obtained by searching PubMed for "Brucella OR brucellosis". The PubMed IDs (PMIDs), titles, abstracts, and MeSH terms of all articles related to E. coli and Brucella that had been parsed from PubMed using the PubMed literature XML format were downloaded from PubMed, including over 300,000 E. coli-related papers and over 15,000 Brucella-related papers. The parsed and downloaded literature information was then stored in a pre-defined MySQL database.
The community-based EcoGene database [16] was utilized to obtain the information of a comprehensive list of E. coli genes. For each gene, the information obtained from the EcoGene database includes EcoGene ID, gene symbol, gene symbol synonyms, protein name, and different protein synonyms. Normalized Brucella gene names were obtained from genome-wide ortholog Brucella gene analysis and gene name normalization as described in our previous study [41] . Basically, those ortholog genes with different names were grouped, and the different names become synonyms. A manual annotation was also applied to confirm the results of the ortholog-based grouping. In this study, each bacterial gene was identified by a primary symbol and protein name, together with a list of possible gene and protein synonyms. During text searching, gene symbols were defined as case-sensitive, except for the first letter. This approach identified and distinguished genes such as "folD" or "FolD" from the word "fold". Hypothetical and unknown genes lacking distinct gene symbols or protein names were not discussed in publications and hence discarded (Step 1 in Figure 1 ). For each E. coli or Brucella gene, the name matching method was used to identify all publications that contained specific gene or protein names (or their synonyms) shown in the title or abstract of each manuscript.
These publications were defined as related to the gene (Step 2 in Figure 1 ). From each publication identified, the MeSH terms assigned to the publication were retrieved and updated according to the MeSH term weighting as described below. From this information the gene-MeSH matrix that contains the frequency of occurrences of all MeSH terms listed for individual E. coli genes was formulated (Step 3). The gene-gene matrix was generated by calculating the dissimilarity score between every gene pair based on the methods described below (Step 4). Once all gene pair-wise dissimilarities were computed, all the dissimilarities were sorted, and the empirical P-value for each gene pair were calculated based on its ranked position in the sorted dissimilarity scores. Hierarchical clustering was implemented using the R hclust program (Step 5 in Figure 1) .
Optimization of weighting and dissimilarity calculations
(1) MeSH term weighting:
MeSH term weighting is based on TF*IDF [17] . Specifically, TF is the MeSH term frequency in all PubMed articles associated with a specific E. coli gene. IDF is the Inverse Document Frequency (IDF) used to weigh the value for each MeSH term. For a specific MeSH term i, IDF is first implemented using the classical logarithm method shown below:
Frequency of occurence of all MeSH terms found in the literature for 33 organisms Frequency of occurence of MeSH term i in the E. coli literature
The number of occurrences of all MeSH terms in the database is calculated by counting the total occurrences of this MeSH term in all 560,757 PubMed articles related to 33 representative bacteria or viruses as described in our publication concerned with a pathogen-host interaction data integration and analysis system (PHIDAS) [42] . Additional file 1 provides the full list of these 33 bacteria and viruses. The selection of 33 organisms other than E. coli alone was to make the MeSH term analysis broader in scope. The number of occurrences of the MeSH term i is defined as the frequency of the MeSH term in the database associated with E. coli only.
A separate, square root-based IDF weighting scheme was also implemented and tested:
IDFi =
Frequency of occurence of all MeSH terms found in the literature for 33 organisms Frequency of occurence of MeSH term i in the E. coli literature All the terms defined in this scheme are the same as the classical logarithm method. As described in the Results section, this square root-based IDF weighting method was compared with the classical logarithm method in a Receiver Operating Characteristic (ROC) study ( Figure 2 ).
(2) Six functions for calculating the dissimilarity score between two genes:
Six widely cited functions used for calculating distances or dissimilarity scores were explored [19] [20] [21] . The terms used are defined as follows: n = number of unique MeSH terms X = (x 1 , ..., x n ), where x n = number of papers associated with term i for gene a, Y = (y 1 , ..., y n ), where y n = number of papers associated with term i for gene b, X and Y are defined as vector representations of two genes, denoting the frequencies of MeSH terms associated with each gene. Given these definitions, the four similarity functions shown below were evaluated:
Two dissimilarity functions were also implemented:
(3) Calculation of dissimilarity scores based on weighted MeSH terms:
The revised dissimilarity measure (D M ) based on the Cosine coefficient is defined as:
where i is a specific MeSH term, w i is the weight assigned to the ith MeSH term (one of the two IDFbased weighting schemes). In the Cosine coefficient formula, the x i and y i have been changed to (w i; x i ) and (w i; y i ), respectively. The dissimilarity scores based on other similarity coefficients are defined in a similar manner.
The revised dissimilarity measure (D M ) based on the Manhattan distance is defined as:
where the variables are defined as the same as shown above. The revised dissimilarity measure based on the Euclidean distance is defined similarly.
(4) Verification and optimization of MeSH term weighting and dissimilarity score calculation
To test whether the actual quantitative value in the MeSH term dissimilarity measure is indicative of the relationships of the two selected genes, the ROC analysis was applied [23] . Genes from 13,549 gene pairs of transcriptional factors and their individually regulated genes available in RegulonDB [22] were used as the gold standard. The calculation methods described above were used to calculate the specificity and sensitivity of analyzing the gene-gene relationships using the true gene pairs in the gold standard data compared to the same number of randomized gene pairs in the GenoMesh database. One hundred gene pairs were selected randomly from the standard set, and 100 pairs were selected randomly from the GenoMesh database. The true positive rate (Sensitivity) and false positive rate (1-Specificity) were then calculated based on gradually increasing dissimilarity cut-off values (between 0 and 1). The calculations were repeated 100 times and the averages recorded. A ROC curve was plotted for all sets of data to verify the GenoMesh algorithm and to optimize the method of calculating a MeSH-based dissimilarity score based on data in the literature.
Development of the GenoMesh web server
The GenoMesh web server (http://genomesh.hegroup. org) was developed using a three-tier architecture built on two HP ProLiant DL380 G6 servers which run the Redhat Linux operating system (Redhat Enterprise Linux ES 5). Users can submit database or analysis queries through the web. The queries are processed using PHP/Perl/SQL (middle-tier, application server based on Apache) against a MySQL (version 5.0) relational database (back-end, database server). The result of each query is presented to the user in the web browser. Two servers are regularly scheduled to backup each other's data. The GenoMesh system currently contains five programs: 1) GeneMesh, searching MeSH terms (or genes) from a gene (or MeSH) query; 2) GenePair, analysing a designated gene pair; 3) GeneCluster, displaying the hierarchical clustering results; 4) GeneNet, predicting a gene interaction network based on a user-defined gene list; 5) MeSHBrowse, browsing MeSH tree for MeSH terms and predicted genes and gene interaction network for each MeSH term. General MeSH terms and structures are extracted from the MeSH website (http:// www.nlm.nih.gov/mesh). The images of the interaction networks are generated automatically with an internally developed script based on the graph visualization software Graphviz (http://www.graphviz.org).
Prediction of gene-to-gene relationships and networks using GenoMesh
To test the ability of GenoMesh to predict gene-to-gene interactions lacking direct literature support, all E. coli literature data were separated into two parts, literature published before January 1, 2004 and after January 1, 2004.
The literature published before 2004 was used for predicting gene-to-gene interactions. The results were verified using the results published after 2004.
To evaluate whether gene pairs in the same pathway have lower GenoMesh dissimilarity scores than gene pairs from a random group of genes, a list of known E. coli pathways from the EcoCyc pathway website [43] was collected. To avoid uncertainties attributed to minor pathways, pathways containing less than ten genes were excluded. For biological pathways containing N related genes, the GenoMesh dissimilarity value for all n(n-1)/2 gene pairs d ij , i, j = 1, ..., n, was calculated, and the averagē d * = 1≤i<j≤n d ij n(n − 1)/2 taken as the average GenoMesh value for the pathway. N genes were randomly selected from the E. coli genome and their pair-wise dissimilarity values calculated. The average of these values is denoted as d 0 . The same procedure was repeated 100,000 times to obtain d i, 0 i = 1, ..., 100,000. The value obtained was used to approximate the null distribution of the average GenoMesh value for gene groups of size N. The empirical p-value was calculated as of the sample of all pair-wise GenoMesh values can be estimated. Basically, such a p-value is a permutation pvalue determined empirically by repeating the same process many times to see how many times the test result was significant. There is only one test. Therefore, a multiple test correction is not required.
For pathways with large n(n-1)/2 values, the central limit theorem can be used to derive the asymptotic distribution for average GenoMesh values for a random group of n genes, which is normal with mean μ and variance 2s 0 2 /(n(n-1)). Hence the asymptotic z-value can be calculated as Z =d 0 − μ 0 2σ 2 0 /(n(n − 1))
